Abstract: This study quantified the impacts of land-use/cover change (LUCC) on gross primary production (GPP) during 2000-2013 in a typical densely urbanized Chinese city, Wuhan. GPP was estimated at 30-m spatial resolution using annual land cover maps, meteorological data of the baseline year, and the normalized difference vegetation index (NDVI), which was generated with the spatial and temporal adaptive reflectance fusion model (STARFM) based on Landsat and MODIS images. The results showed that approximately 309.95 Gg C was lost over 13 years, which was mainly due to the conversion from cropland to built-up areas. The interannual variation of GPP was affected by the change of vegetation composition, especially the increasing relative fraction of forests. The loss of GPP due to the conversion from forest to cropland fluctuated through the study period, but showed a sharp decrease in 2007 and 2008. The gain of GPP due to the conversion from cropland to forest was low between 2001 and 2009, but increased dramatically between 2009 and 2013. The change rate map showed an increasing trend along the highways, and a decreasing trend around the metropolitan area and lakes. The results indicated that carbon consequences should be considered before land management policies are put forth.
Introduction
Urban areas account for less than 3% of the global land surface, but the intensive human activities happening in urban areas make them the main source of carbon dioxide (CO 2 ) emissions in the biosphere [1] . In urban areas, vegetation plays a major role in sequestering CO 2 and reduces local net carbon emissions. On one hand, rapid urban expansion replaces natural vegetation or agricultural crops with artificial surfaces made of concrete, asphalt, or turf grasses, decreasing the photosynthesis of the area. On the other hand, the integration of parks, green wedges, and green belts in the urban area changes the CO 2 sequestrations of cities [2] . As urbanization is expected to increase significantly in the coming decades [3] , it is important to understand the impact of rapid land-use/cover change (LUCC) on vegetation primary production in the urban area.
The effects of LUCC on the vegetation primary production in the urban area have been evaluated with remote sensing techniques and/or process-based models in several studies. At a regional scale, Milesi et al. assessed the impact of urban land development on net primary production (NPP) in the
Study Area and Data

Study Area
The study was conducted in Wuhan (113 • 41 E~115 • 05 E, 29 • 50 N~31 • 22 N), the capital of Hubei Province, located in central China and covering an area of 8494.41 km 2 ( Figure 1 ). Wuhan has a humid subtropical climate, with an annual total precipitation of 1315 mm and an annual mean temperature of 17.13 • C. Wuhan has a wealth of water and forest resources. It lies at the intersection of the Yangtze and Han rivers, and contains 166 lakes and over 70 parks. Its natural vegetation is composed primarily of deciduous broadleaf trees and evergreen broadleaf trees, such as camphor and oak. Evergreen needleleaf trees (e.g., Pinus massoniana Lamb) are also common in Wuhan, but they are sparsely mixed with broadleaf trees.
vegetation GPP in Wuhan were quantified during 2000-2013, because Wuhan has experienced rapid urban expansion since 2000, and also, both Landsat and MODIS images were available during the studied period.
Study Area and Data
Study Area
The study was conducted in Wuhan (113°41′E~115°05′E, 29°50′N~31°22′N), the capital of Hubei Province, located in central China and covering an area of 8494.41 km 2 ( Figure 1 ). Wuhan has a humid subtropical climate, with an annual total precipitation of 1315 mm and an annual mean temperature of 17.13 °C. Wuhan has a wealth of water and forest resources. It lies at the intersection of the Yangtze and Han rivers, and contains 166 lakes and over 70 parks. Its natural vegetation is composed primarily of deciduous broadleaf trees and evergreen broadleaf trees, such as camphor and oak. Evergreen needleleaf trees (e.g., Pinus massoniana Lamb) are also common in Wuhan, but they are sparsely mixed with broadleaf trees.
Wuhan is among the fastest growing cities in China, and has experienced rapid urban expansions in recent decades. The urban area in Wuhan increased from 4.19 × 10 4 ha in 1988 to 49.39 × 10 4 ha in 2011 [28] , and the urban landscape became more fragmented. Wuhan comprises 13 districts with a total population of approximately 10.4 million. Our study area includes 11 districts, covering the whole metropolitan area and within one tile of Landsat images. 
Data and Processing
Satellite Data and Products
In this study, 2576 eight-day MODIS composites (MOD09A1, from the Terra platform) from 2000 to 2013 were obtained from the Earth Observing System (EOS) data gateway (http://redhook.gsfc.nasa.gov) of the National Aeronautics and Space Administration (NASA). Wuhan is among the fastest growing cities in China, and has experienced rapid urban expansions in recent decades. The urban area in Wuhan increased from 4.19 × 10 4 ha in 1988 to 49.39 × 10 4 ha in 2011 [28] , and the urban landscape became more fragmented. Wuhan comprises 13 districts with a total population of approximately 10.4 million. Our study area includes 11 districts, covering the whole metropolitan area and within one tile of Landsat images.
Data and Processing
Satellite Data and Products
In this study, 2576 eight-day MODIS composites (MOD09A1, from the Terra platform) from 2000 to 2013 were obtained from the Earth Observing System (EOS) data gateway (http://redhook.gsfc.nasa.gov) of the National Aeronautics and Space Administration (NASA). MOD09A1 has 500-m resolution and seven spectral bands, with each pixel containing the best observation during the eight-day period. Data were reprojected to the Universal Transverse Mercator (UTM) projection. For each date, four MODIS tiles (h26v05, h27v05, h27v06, h28v06) were mosaicked, and then clipped to the extent of the study area.
The absence of a flux tower around the study area made validations of GPP difficult. In this study, MOD17A2, an eight-day composite GPP product at 1-km resolution, was resampled to 30-m spatial resolution using the nearest-neighbor interpolation method. MOD17 is the GPP product computed with the MODIS land-cover (MOD12), MODIS Fraction of Photosynthetically Active Radiation/Leaf Area Index (FPAR/LAI) product, and Global Modeling and Assimilation Office (GMAO) surface meteorology for the vegetated land surface [13, 29] . MOD17 has been validated in different ecosystems, showing a high correspondence with field measurements [29] [30] [31] [32] . The resampled MOD17 GPP was used to validate the estimated GPP based on the pixels of the same land cover types in land cover maps derived from both Landsat images and MOD12 land cover data.
From 2000 to 2013, 99 Landsat surface reflectance images (path 123 row 039) with a cloud cover of less than 20% were downloaded from the United States Geological Survey (USGS) Earth Resources Observation Systems (EROS) data center, including 45 TM images, 48 ETM+ images, and six images acquired by Landsat-8 Operational Land Imager (OLI) (Figure 2 ). The scan line corrector (SLC)-off effect (which results in missing data lines in the image) was evident within some of the ETM+ scenes, and the missing data were filled with a gap-filling method [33] . For each year, one to three images were used to evaluate the accuracy of the STARFM-generated synthetic NDVI (referred to as the synthetic NDVI in the following text), and the rest of the available images were used as the inputs to the STARFM simulations. For the year 2009, since the available images were scarce, in order to maintain the quality of the synthetic NDVI, the selected image was used for both prediction and validation. In addition, the clearest image (cloud cover less than 10%) acquired between April and August was selected for each year to create the land cover map. MOD09A1 has 500-m resolution and seven spectral bands, with each pixel containing the best observation during the eight-day period. Data were reprojected to the Universal Transverse Mercator (UTM) projection. For each date, four MODIS tiles (h26v05, h27v05, h27v06, h28v06) were mosaicked, and then clipped to the extent of the study area. The absence of a flux tower around the study area made validations of GPP difficult. In this study, MOD17A2, an eight-day composite GPP product at 1-km resolution, was resampled to 30-m spatial resolution using the nearest-neighbor interpolation method. MOD17 is the GPP product computed with the MODIS land-cover (MOD12), MODIS Fraction of Photosynthetically Active Radiation/Leaf Area Index (FPAR/LAI) product, and Global Modeling and Assimilation Office (GMAO) surface meteorology for the vegetated land surface [13, 29] . MOD17 has been validated in different ecosystems, showing a high correspondence with field measurements [29] [30] [31] [32] . The resampled MOD17 GPP was used to validate the estimated GPP based on the pixels of the same land cover types in land cover maps derived from both Landsat images and MOD12 land cover data.
From 2000 to 2013, 99 Landsat surface reflectance images (path 123 row 039) with a cloud cover of less than 20% were downloaded from the United States Geological Survey (USGS) Earth Resources Observation Systems (EROS) data center, including 45 TM images, 48 ETM+ images, and six images acquired by Landsat-8 Operational Land Imager (OLI) (Figure 2 ). The scan line corrector (SLC)-off effect (which results in missing data lines in the image) was evident within some of the ETM+ scenes, and the missing data were filled with a gap-filling method [33] . For each year, one to three images were used to evaluate the accuracy of the STARFM-generated synthetic NDVI (referred to as the synthetic NDVI in the following text), and the rest of the available images were used as the inputs to the STARFM simulations. For the year 2009, since the available images were scarce, in order to maintain the quality of the synthetic NDVI, the selected image was used for both prediction and validation. In addition, the clearest image (cloud cover less than 10%) acquired between April and August was selected for each year to create the land cover map. The Landsat TM, ETM+, and OLI images used as the inputs to the STARFM simulations; images used for validations were marked with rectangles; images used for classifications were underlined.
Meteorological Data
The daily meteorological data at 15 weather stations within and around the study area during 2000-2013 were used in this study. Meteorological data, including minimum temperature, relative humidity, and solar radiation, were obtained from the Chinese National Meteorological Information Center (http://data.cma.gov.cn). Vapor pressure deficit (VPD) was calculated from the relative humidity as: Figure 2 . The Landsat TM, ETM+, and OLI images used as the inputs to the STARFM simulations; images used for validations were marked with rectangles; images used for classifications were underlined.
The daily meteorological data at 15 weather stations within and around the study area during 2000-2013 were used in this study. Meteorological data, including minimum temperature, relative humidity, and solar radiation, were obtained from the Chinese National Meteorological Information Center (http://data.cma.gov.cn). Vapor pressure deficit (VPD) was calculated from the relative humidity as:
where VP is the daily mean vapor pressure, and RH is the daily mean relative humidity [34] . The inverse distance weighting method was used to interpolate meteorological variables at 30-m spatial resolution. Daily meteorological data were then averaged for every eight days to estimate GPP in the study area.
Methods
Generation of the NDVI Time Series Using STARFM
STARFM produces a synthetic image based upon a spatially weighted difference computed between the Landsat and the MODIS scenes acquired at t 1 , and the Landsat t 1 -scene and one or more MODIS scenes of prediction day (t 2 ), respectively [19] . The application of STARFM to ratio indices rather than reflectance usually provides more consistent indicators of vegetation, since normalization reduces the radiometric and atmospheric effects from different sensors [23, 35] . We applied STARFM to MODIS and Landsat NDVI data, generating the synthetic NDVI time series with an eight-day interval and at 30-m spatial resolution. The time series of the NDVI was smoothed using the Harmonic Analysis of Time Series (HANTS) method [36] .
To evaluate the accuracy of the synthetic NDVI generated by STARFM, we compared the synthetic NDVI against the NDVI derived from the original Landsat images in four test regions in the study area, with two regions in the homogeneous cropland, and two regions in the homogeneous evergreen broadleaf forest (EBF).
Creation of Land-Cover Maps
To parameterize the model to estimate GPP, the study area was classified into seven land-cover types, including EBF, deciduous broadleaf forest (DBF), grassland, cropland, built-up, bare land, and water bodies. In Wuhan, the needle tree is not the dominant tree type, and is usually mixed with broadleaf trees. Shrubs are mainly used to decorate roads. Thus, we excluded needle leaf forest and shrubs from our study, because it was difficult to accurately differentiate needle trees and shrubs from other vegetation types at 30-m resolution in the study area. Built-up areas, bare land, and water bodies were treated as non-vegetated areas.
Maximum likelihood classifier, a widely-used supervised classification approach, was employed in this study for the land-cover classification. Classification was conducted for each year on the selected image shown in Figure 2 . Samples were collected for each image through the visual interpretation of Landsat images, with the help of a 2013 summer image of WorldView-2, higher resolution images in Google Earth, and field observations. A random stratification procedure was performed to generate training (80%) and testing (20%) datasets for each year. The NDVI values derived from Landsat images of different seasons were used to build a decision tree to classify forests into EBF and DBF.
Estimation of GPP
The GPP of urban vegetation was estimated using the MOD17 algorithm, which is based on the light-use efficiency (LUE) method [37] . GPP is related to the amount of photosynthetically active radiation (PAR) absorbed by the canopy through the use of a maximum radiation use conversion efficiency term (ε), such that [12] :
where fPAR is the fraction of incident PAR absorbed by the canopy, and PAR is the flux density of photosynthetically active radiation. The value of ε depends on the vegetation type, and is reduced by the daily minimum air temperature (T MIN ) and day-time vapor pressure deficit (VPD). ε is calculated as:
The lack of flux towers within or around the study area made it inapplicable to calibrate ε using field data. The parameters for calculating LUE were taken from the modified biome property look-up table (BPLUT) provided by Zhao and Running [38] . T MIN and VPD scalars are multipliers that reduce the conversion efficiency when cold temperature and/or high VPD inhibit photosynthesis. The scalars are calculated as follows:
where T MIN is the daily minimum temperature, T MINmin is the daily minimum temperature at which LUE is 0, and T MINmax is the daily maximum temperature at which LUE is maximum.
where VPD min is the daily minimum VPD at which LUE is maximum, and VPD max is the daily maximum VPD at which LUE is 0. fPAR was calculated with STARFM-derived synthetic NDVI, using the equation proposed by Myneni and Williams [39] :
The GPP values of built-up areas, water bodies, and bare land within the study area were set to zero.
To minimize the effects of meteorological variations and emphasize the impacts of LUCC, GPP was estimated at 30-m resolution for every eight days under two scenarios. In the first scenario, GPP was estimated with the STARFM-generated NDVI, land cover maps, and ground-based meteorological measurements from 2000 to 2013. In the second scenario, GPP was estimated using the STARFM-generated NDVI from 2000 to 2013, the land cover maps from 2000 to 2013, and the meteorological data of the year 2000. The estimation of the first scenario (referred to as GPP_act) represented the actual dynamics of GPP in the study area, and was used for validation. The GPP estimated under the second scenario (referred to as GPP_ref) was used to quantify the impacts of LUCC on GPP in the urban areas.
Analysis of Impacts of LUCC on GPP
To take advantage of yearly land cover data, we quantified the relationship between the interannual variation of GPP_ref and that of the built-up, cropland, grassland, EBF, and DBF fraction, respectively, by calculating the Pearson correlation coefficient (r). The multiple correlation coefficient (R) was used to quantify the combined impacts of variations in multiple land cover types on GPP. The interannual variation of a variable was defined as the difference between the value of the current year and the value of the previous year. The yearly and multi-year cumulative transition matrixes of GPP_ref loss and gain associated with LUCC were computed for the study area.
Besides the widely used statistical methods, a change rate map was created to illustrate the spatiotemporal variations of GPP_ref caused by urbanization. To do so, a linear regression was performed over the annual GPP_ref values at each pixel, and the slope of the regression was used as the change rate of GPP at each location. The change rate showed the trend (positive/negative sign of the slope) and pace (magnitude of the slope) of the change in GPP over the study period.
Results
The Synthetic NDVI
We assessed the accuracy of the synthetic NDVI in the four test regions for each year, using the independent Landsat images. The statistics shown in Figure 3 
Validation of GPP Estimates
We roughly compared GPP_act with the results of Li et al.'s study [40] , which predicted the GPP in China from 2000 to 2009 using the Eddy Covariance-Light Use Efficiency (EC-LUE) model, and validated results with measurements of 23 EC flux towers in China. Our estimates of different biomes were within the range of GPP observations shown in Li et al.'s study. Additionally, we compared our eight-day GPP estimates against MOD17 GPP for cropland, grassland, EBF, and DBF averaged on the pixels of the same land cover types on the land cover maps derived from both Landsat images and MOD12 land cover data. We found that GPP act was in agreement with MOD17 GPP for all of the vegetation types (Figure 4 ), but the values of GPP act were slightly higher than those of MOD17 GPP, especially for EBF and DBF. 
We roughly compared GPP_act with the results of Li et al.'s study [40] , which predicted the GPP in China from 2000 to 2009 using the Eddy Covariance-Light Use Efficiency (EC-LUE) model, and validated results with measurements of 23 EC flux towers in China. Our estimates of different biomes were within the range of GPP observations shown in Li et al.'s study. Additionally, we compared our eight-day GPP estimates against MOD17 GPP for cropland, grassland, EBF, and DBF averaged on the pixels of the same land cover types on the land cover maps derived from both Landsat images and MOD12 land cover data. We found that GPP act was in agreement with MOD17 GPP for all of the vegetation types (Figure 4 ), but the values of GPP act were slightly higher than those of MOD17 GPP, especially for EBF and DBF.
biomes Comparison of eight-day GPP_act against MOD17 GPP for cropland, grassland, EBF, and DBF. GPP were averaged on pixels of the same land cover type on land cover maps derived from both Landsat images and MOD12 land cover data.
LUCC in the Study Area
The overall accuracy of the land cover map for each year was evaluated with the testing samples, and is illustrated in Figure 5 . The average accuracy of 14 years was 88.6%. Figure 6 summarizes the area fractions of built-up, water bodies, and vegetation (including grassland, cropland, EBF, and DBF) in the study area (bare land is not shown in Figure 6 due to the minimal area). It is evident that built-up areas increased rapidly after 2005, with an annual growth rate of 13.2%. On the other hand, vegetated area reduced by 0.9% per year, and water bodies decreased by 0.4% per year. While the total vegetated area was decreasing from 2000 to 2013, the fraction of forest increased slightly, which was highlighted on the plot of the relative composition of forest ( Figure 7) . 
The overall accuracy of the land cover map for each year was evaluated with the testing samples, and is illustrated in Figure 5 . The average accuracy of 14 years was 88.6%. Figure 6 summarizes the area fractions of built-up, water bodies, and vegetation (including grassland, cropland, EBF, and DBF) in the study area (bare land is not shown in Figure 6 due to the minimal area). It is evident that built-up areas increased rapidly after 2005, with an annual growth rate of 13.2%. On the other hand, vegetated area reduced by 0.9% per year, and water bodies decreased by 0.4% per year. While the total vegetated area was decreasing from 2000 to 2013, the fraction of forest increased slightly, which was highlighted on the plot of the relative composition of forest ( Figure 7 ). in the study area. The urban expansion resulted in the conversion of the large area of cropland in the suburb to built-up areas. The conversion from other land-use/cover types to water bodies can be found in the northwest of the study area, where areas of cropland were transformed to ponds in pursuit of higher economic benefits. The conversion from other land cover types to EBF or DBF primarily occurred in the southeast of the study area, where croplands were used to grow saplings. Figure 8 illustrates the spatial pattern of land-use/cover in 2000 and LUCC from 2000 to 2013 in the study area. The urban expansion resulted in the conversion of the large area of cropland in the suburb to built-up areas. The conversion from other land-use/cover types to water bodies can be found in the northwest of the study area, where areas of cropland were transformed to ponds in pursuit of higher economic benefits. The conversion from other land cover types to EBF or DBF primarily occurred in the southeast of the study area, where croplands were used to grow saplings. 
Impacts of LUCC on GPP
The temporal variations of GPP_ref over the study period were mainly controlled by LUCC, and the effects of meteorological variations had been largely minimized. Figure 9 illustrates the time Figure 8 illustrates the spatial pattern of land-use/cover in 2000 and LUCC from 2000 to 2013 in the study area. The urban expansion resulted in the conversion of the large area of cropland in the suburb to built-up areas. The conversion from other land-use/cover types to water bodies can be found in the northwest of the study area, where areas of cropland were transformed to ponds in pursuit of higher economic benefits. The conversion from other land cover types to EBF or DBF primarily occurred in the southeast of the study area, where croplands were used to grow saplings. 
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The temporal variations of GPP_ref over the study period were mainly controlled by LUCC, and the effects of meteorological variations had been largely minimized. Figure 9 illustrates the time series of the annual total GPP_ref and annual mean GPP_ref in the study area. The annual total GPP_ref showed a clear decreasing trend, with a decreasing rate of 1.02% per year (p < 0.1). The annual mean GPP_ref fluctuated from year to year, showing a weak increasing trend (p = 0.12).
We analyzed the relationship between the interannual variation of total GPP_ref and that of the built-up, cropland, grassland, EBF, and DBF fractions, respectively. The interannual variation of total GPP_ref had a negative linear relationship with the interannual variation of built-up fraction (r = 0.70, p < 0.05). During 2001-2005, when the pace of urbanization was slow, the interannual variation of GPP_ref was related to the interannual variation of the cropland fraction (r = 0.66, p < 0.05). During 2006-2013, when the built-up areas increased rapidly, the interannual variation of GPP_ref was related to that of the cropland fraction (r = 0.48, p < 0.1) as well as the forest fraction (r = 0.48, p < 0.1). The combined effect of changes in cropland and forest fraction on the interannual variation of GPP_ref can be quantified by the multiple correlation coefficient (r = 0.68, p < 0.05), implying that interannual variations in cropland and forest fractions together explained 68% variance in the interannual variation of GPP_ref.
Sustainability 2018, 10, x FOR PEER REVIEW 10 of 17 series of the annual total GPP_ref and annual mean GPP_ref in the study area. The annual total GPP_ref showed a clear decreasing trend, with a decreasing rate of 1.02% per year (p < 0.1). The annual mean GPP_ref fluctuated from year to year, showing a weak increasing trend (p = 0.12). We analyzed the relationship between the interannual variation of total GPP_ref and that of the built-up, cropland, grassland, EBF, and DBF fractions, respectively. The interannual variation of total GPP_ref had a negative linear relationship with the interannual variation of built-up fraction (r = 0.70, p < 0.05). During 2001-2005, when the pace of urbanization was slow, the interannual variation of GPP_ref was related to the interannual variation of the cropland fraction (r = 0.66, p < 0.05). During 2006-2013, when the built-up areas increased rapidly, the interannual variation of GPP_ref was related to that of the cropland fraction (r = 0.48, p < 0.1) as well as the forest fraction (r = 0.48, p < 0.1). The combined effect of changes in cropland and forest fraction on the interannual variation of GPP_ref can be quantified by the multiple correlation coefficient (r = 0.68, p < 0.05), implying that interannual variations in cropland and forest fractions together explained 68% variance in the interannual variation of GPP_ref. We derived the transition matrix of the gain and the loss of annual GPP_ref associated with LUCC for each year in comparison with the annual GPP_ref of the previous year. The summary of the transition matrix over the 13 years is shown in Table 1 . Besides the transition between cropland and bare land and the transition between cropland and water bodies, the maximum loss of GPP was associated with the conversion from cropland to built-up areas. The conversion from EBF and DBF to cropland and water bodies also contributed to a large amount of GPP loss. The substantial gain in GPP was due to the conversion from cropland to EBF and DBF. The transition between cropland and bare land may be caused by either crop rotation or urban expansion, with the net loss of 90.57 Gg C. The gain and loss of GPP that resulted from LUCC were not in balance. Approximately 309.95 Gg C in total was lost in the study area over the 13 years. Figure 10 shows the temporal variations of loss and gain of GPP that was associated with a specific form of LUCC. The loss of GPP associated with the conversion from cropland to built-up areas increased slightly from 2001 to 2009, but the loss of GPP was worse after 2009, when built-up areas expanded rapidly. The loss of GPP due to the conversion from forest to cropland fluctuated We derived the transition matrix of the gain and the loss of annual GPP_ref associated with LUCC for each year in comparison with the annual GPP_ref of the previous year. The summary of the transition matrix over the 13 years is shown in Table 1 . Besides the transition between cropland and bare land and the transition between cropland and water bodies, the maximum loss of GPP was associated with the conversion from cropland to built-up areas. The conversion from EBF and DBF to cropland and water bodies also contributed to a large amount of GPP loss. The substantial gain in GPP was due to the conversion from cropland to EBF and DBF. The transition between cropland and bare land may be caused by either crop rotation or urban expansion, with the net loss of 90.57 Gg C. The gain and loss of GPP that resulted from LUCC were not in balance. Approximately 309.95 Gg C in total was lost in the study area over the 13 years. Figure 10 shows the temporal variations of loss and gain of GPP that was associated with a specific form of LUCC. The loss of GPP associated with the conversion from cropland to built-up The spatial patterns of GPP_ref in 2000 is shown in Figure 11a . Urban forests showed the highest GPP values, and cropland in the suburb also had high GPP values ranging from 600 gC m −2 year −1 to 800 gC m −2 year −1 . The medium GPP values (400-600 gC m −2 year −1 ) were found on the edge of the metropolitan areas or the water bodies, where land cover may change during the year. The slope of the linear regression on the time series of GPP_ref at each pixel served as the indicator of the change rate of GPP. The spatial pattern of the change rate shown in Figure 11b generally agrees with the LUCC map shown in Figure 8 . The most prominent decreases in GPP occurred around metropolitan areas and a few water bodies, where cropland and forest were transformed into built-up areas. Significant decreases can also be found in the northwest of the study area, because cropland was transformed to ponds for aquatic plants and fisheries. Large areas of increases in GPP can be found in the southeast of the study area, where patches of cropland were transformed into forest. Interestingly, a significant increase in GPP throughout the 14 years can be found along the Huyu highway (through the central study area), along which the greenbelt was built around 2006. The spatial patterns of GPP_ref in 2000 is shown in Figure 11a . Urban forests showed the highest GPP values, and cropland in the suburb also had high GPP values ranging from 600 gC m −2 year −1 to 800 gC m −2 year −1 . The medium GPP values (400-600 gC m −2 year −1 ) were found on the edge of the metropolitan areas or the water bodies, where land cover may change during the year. The slope of the linear regression on the time series of GPP_ref at each pixel served as the indicator of the change rate of GPP. The spatial pattern of the change rate shown in Figure 11b generally agrees with the LUCC map shown in Figure 8 . The most prominent decreases in GPP occurred around metropolitan areas and a few water bodies, where cropland and forest were transformed into built-up areas. Significant decreases can also be found in the northwest of the study area, because cropland was transformed to ponds for aquatic plants and fisheries. Large areas of increases in GPP can be found in the southeast of the study area, where patches of cropland were transformed into forest. Interestingly, a significant increase in GPP throughout the 14 years can be found along the Huyu highway (through the central study area), along which the greenbelt was built around 2006. 
Discussion
GPP Estimated at 30 m Spatial Resolution
While urban areas are highly fragmented and heterogeneous, most models simulate GPP in urban areas at coarse resolutions (e.g., 1-2 km) [5] [6] [7] . In this study, vegetation GPP in Wuhan was estimated at 30-m spatial resolution with land cover maps derived from Landsat images, the synthetic NDVI generated with STARFM, and meteorological measurements. It is worth mentioning that since the NDVI that was used to calculate fPAR in the GPP estimation reflected the combined effect of LUCC, meteorological variations and phenology, it was extremely difficult to completely eliminate the impact of meteorological variations on the GPP estimation.
The STARFM has been found to be able to produce an accurate interpolated NDVI time series in many studies [21, 25] . In this study, the variations in the accuracy of the synthetic NDVI may be due to different atmospheric conditions when MODIS data and Landsat data were obtained on different days. GPP estimated with the synthetic NDVI demonstrated more spatial details and complexities in the urban area ( Figure 11 ). The greater level of details provided a better representation of fringe areas and small LUCC than the models with 1-2 km spatial resolutions [26] .
Directly validating GPP estimates in the urban area is difficult, due to the absence of EC flux towers in cities [7, 10, 41] . In this study, we proved the reliability of vegetation GPP estimates by comparing GPP_act with Li et al.'s [40] results and MOD17 GPP. Overall, values of GPP_act were within the reasonable range. The slightly higher values of GPP_act compared with the MOD17 GPP values were due to several factors. In the MOD17 GPP algorithm, fPAR was estimated with atmospherically corrected daily bidirectional reflectance and land cover classification [29] , whereas GPP_act was based on the linear relationship between fPAR and NDVI. In addition, fPAR used in GPP_act was smoothed, free of peaks and valleys in the curve. In the mid-growing season of crops and EBF, the abrupt low values of MODIS fPAR may have great impacts on estimations of GPP. Another reason attributed to the difference between GPP_act and MODIS GPP may be the difference between the ground meteorological data used in GPP_act, and the GMAO surface meteorology used in MODIS GPP.
The study was based on the assumption that air pollutants did not affect the GPP of urban vegetation. Air pollutants originating in a city and transporting outside can adversely affect atmospheric chemistry, as well as the vegetation in that region [42] . Vegetation productivity in the urban area may decrease or increase, depending on the type of pollution and its effect on vegetation productivity [43] . Besides, the air temperature in the urban area may be more heterogeneous than air temperature that is estimated with observations at limited weather stations. Although the complex impacts of air pollutants and heterogeneous air temperature on vegetation GPP in the urban areas are very important issues, they are beyond the scope of this paper.
Impacts of LUCC on GPP
Wuhan is an excellent example of a human-natural system, where forests and wetland have been well preserved in recent decades as urbanization rapidly occurred. The results showed that in addition to the conversion from cropland to bare land and water bodies, the greatest loss of GPP was caused by the conversion from cropland to built-up areas that occurred in the suburbs and the exurbs due to urban expansion. This result was in agreement with findings reported by several studies that the substantial loss of primary production was due to the conversion from cropland to urban areas in the suburbs of cities in China [6, 10] . Although built-up areas encroached cropland at a fast pace, the increasing relative fraction of forests that were more photosynthetically productive offset a certain amount of GPP loss. A study to analyze the impacts of LUCC on terrestrial carbon sinks and emissions in Guangzhou, China also reported that the carbon sink gained through the changes from the low carbon sink (e.g., grassland) to the high carbon sink (e.g., forests) [41] . Furthermore, they found that the proportion of urban land influenced the changes in carbon sinks, which is similar to our findings that the change in vegetation composition affected the interannual variation of GPP.
The conversion from cropland to water bodies led to a great loss of GPP that was even larger than the loss caused by the conversion from cropland to built-up areas. However, a certain amount of transition between cropland and water bodies may be due to the change from farmland to paddy fields, as the rotation between winter wheat/oilseed rape and paddy rice is common in the study area. Nonetheless, driven by economic benefits, the conversion from cropland to ponds for fisheries and aquatic plants led to the loss of GPP. Land cover maps were mostly derived from images of June, July, or August, but the date of the image used for classification varied from year to year. Hence, the transition between cropland and bare land may be either caused by the crop rotation or urban expansion.
The map of the GPP_ref change rate illustrates the spatiotemporal dynamics of GPP over 14 years. The significant decreases in GPP were found around the metropolitan area to be due to urban expansion, and around several major lakes because of the preferences of building apartments and houses near lakes and rivers. The greenbelt along the highway contributed to the interesting increasing trend in GPP. In the southeast of the study area, cropland was replaced by woods for economic reasons, leading to the increase in GPP. In the northwest of the study area, cropland was transformed to ponds, leading to the sharp decrease in GPP. The detailed map of the change rate demonstrated the ecological consequence of the characteristic land cover changes in a city.
China is currently promoting the concept of an urban ecosystem service [44] . In this study, the quantitative analysis of vegetation GPP changes over 14 years caused by LUCC may provide guidance to adjust land-use/cover structures in Wuhan in order to ensure minimized carbon loss in the future. Carbon consequences should be considered before land management policies and activities are put forth. Integrating more photosynthetically productive species in the limited area may largely mitigate the carbon losses that are associated with urbanization. Additionally, the method can be applied to other major cities, and combined with economic methods for policy-makers to establish carbon trading or offsetting rates policies [45] .
Conclusions
This study quantified the impacts of LUCC on vegetation GPP during 2000-2013 in Wuhan, China at 30-m resolution, using yearly land cover maps derived from Landsat images, the synthetic NDVI generated by STARFM, and meteorological measurements. As the transition between cropland and water bodies or bare land was the combination of many factors, the greatest loss of GPP was due to the conversion from cropland to built-up areas, and the greatest gain of GPP was caused by the conversion from cropland to forests. Approximately 309.95 Gg C in total was lost in the study area during the 13 years. The interannual variation of GPP was mainly controlled by the change of cropland due to urban expansion, but the change in vegetation composition also affected the interannual variation of GPP. The loss of GPP due to the conversion from forests to cropland fluctuated throughout the study period, but it showed a sharp decrease in 2007 and 2008. The gain of GPP due to the conversion from cropland to forests was low during 2001-2009, but it increased dramatically from 2009 to 2013. The change rate map of GPP showed an interesting increasing trend along the highway, and a decreasing trend around the metropolitan area and lakes. The detailed maps of urban vegetation GPP in response to the rapid and fragmented LUCC facilitate the quantitative evaluation of the carbon consequences of land management activities and policies in urban areas. The results of this study suggested that the land-use/cover types should be adjusted wisely in urban planning in order to achieve the balance between the optimized economy and minimized carbon loss.
